This paper analyses the effects of dynamic correlations between stock and bond returns issued by the same firm on the speed of adjustment towards target leverage. The results show that the estimated correlations are time varying, show persistence, and differ among firms. Analysis of the potential explanatory variables reveals that the correlations decrease with negative expectations about future aggregate risks, but only for firms with a low default probability. In contrast, correlations are positively associated with specific risk measures, especially idiosyncratic stock risk and financial leverage. The positive relation between the correlations and the leverage ratio suggests that target leverage can be achieved faster when the stock-bond correlation is high. Our results show that this is the case.
Introduction
Capital structure choices are one of the most important issues in corporate finance. From the trade-off theory perspective, firms optimally choose their capital structure to maximize the net benefits of debt. The benefits of debt come from tax savings (Modigliani and Miller, 1963) and the potential information that debt generates (Harris and Raviv, 1990; Stulz, 1990) , while the costs include basically the expected losses of bankruptcy (Scott, 1976; Titman, 1984) and agency costs (Jensen and Meckling, 1976; Myers, 1977; Jensen, 1986) . Empirical tests of the trade-off theory have consisted in evaluating cross-sectional relations between leverage ratios and firm characteristics which are used to proxy for both debt benefits and costs. Another way to test the implications of the trade-off theory is to examine whether firms actually have target leverage ratios or whether they rebalance their capital structure when they depart from their target.
Our paper contributes to this literature by showing that the firm's adjustment towards its target leverage ratio is faster when the correlation between the returns of stocks and bonds issued by the firm is higher. Of course, this empirical result can only be understood if we assume that i) the firm stock-bond correlation is not zero but, rather, time varying and differing across firms, ii) the stock-bond correlation is related to firm characteristics that are also relevant to capital structure decisions, and iii) changes in the market value of leverage are faster if both market debt and equity respond simultaneously to common sources of risk.
Therefore, the goal of this paper is twofold. First, we estimate dynamic individual stock-bond correlations and analyse which variables can explain their variability both in time series and cross-sectionally. Second, we estimate a model for leverage adjustments towards the target in which the speed of adjustment is modelled as a function of the stock-bond correlation.
The correlation in stock and bond markets has been widely investigated at the aggregate level.
1 However, research papers on the comovements between stocks and corporate bonds at the firm level are scarce. With the theoretical support of structural models that assume that equity and debt are contingent claims written on the same productive assets, some empirical studies analyze whether a variable related to one security is relevant in 1 Although primary studies find a small but positive long-term correlation between stocks and Treasury bonds, the equity and bond markets have behaved very differently since the late 1990s, showing time-varying behaviour, with positive values in stable periods that decrease meaningfully during recessions (e.g. Gulko, 2002; Illmanen, 2003; Connolly, Stivers, and Sun, 2005; d'Addona and Kind, 2006; Baele, Bekaert, and Inghelbrecht, 2010) .
determining a characteristic about the other security. 2 We also relay on structural models to justify a non-zero stock-bond correlation that varies in time and with firm value. For all firms in the Standard and Poor's (S&P) 100 Index and with transaction bond prices available in the Trading Reporting and Compliance Engine (TRACE) database, we estimate dynamic correlations between individual stock and bond returns using three alternative methodologies:
a rolling sample correlation, a dynamic conditional correlation (DCC) model such as Engle's (2002) , and a corrected version of the DCC model that incorporates a non-synchronous trading adjustment that follows the initial proposal of Engle, Kane, and Noh (1996) . Our results suggest that the correlations are, on average, small but very different, depending on the stock-bond pair, and are time varying, showing persistence.
Using panel data regression, we investigate the sources of variation behind the correlations dynamics in both the cross-sectional and time series dimensions, considering a large set of explanatory variables that includes cycle indicators, firm characteristics, or specific bond contract characteristics. On the one hand, structural models imply that equity and bond returns are related by ratio of equity elasticity to bond elasticity with respect to changes in firm value. This relation, which is positive on average, is composed of the ratio between equity and debt sensitivities to firm value and of the firm leverage ratio. Both these components vary with firm characteristics, especially those related to risk. Therefore, the final effect on the correlation is undetermined a priori. On the other hand, intertemporal asset pricing models recognise the importance of macroeconomic factors in explaining the prices of both securities. However, empirical results on relative response to changes in economic conditions are not available. Unique empirical insights come from the works of Campello, Cheng, and Zhang (2008) , Elkamhi and Ericsson (2008) , and Schaefer and Strebulaev (2008) .
All these papers assume Merton's (1974) model to show that equity-bond elasticity (equitybond return covariance) increases with the quasi-leverage ratio, firm volatility, and time to maturity. Our analysis of the potential determinants of the variability of stock-bond correlations indicate that the correlations do not respond to cycle indicators related to macroeconomic growth but, rather, diminish when negative expectations are measured with aggregate risk indicators, such as the volatility of consumption growth or the default spread.
In addition, the correlation diminishes as the systematic stock risk (market beta) increases.
Hence, bonds and stocks of the same firm become increasingly different the greater the uncertainty in the overall economy and the higher the stock's systematic risk. However, these associations are weaker or even disappear when the firm's default probability is high. In contrast, the correlation increases with the firm's specific risk. In particular, the stock-bond correlation is consistent and strongly associated with the firm's idiosyncratic stock risk and financial leverage.
The cross-sectional positive association between the leverage ratio and the stockbond correlation is consistent with the theoretical foundations of the structural models. Their positive time series relation can also be theoretically justified by models assuming agency costs. Models in line with that of Harris and Raviv (1990) or Stulz (1990) point out the benefits of debt in reducing information asymmetry, thus supporting a positive relation between leverage and firm value. Given that we are assuming that both market debt and equity respond in the same direction to changes in firm value and our empirical results support this assumption, the higher the correlation, the stronger the effect of firm value changes on the leverage ratio. Consequently, changes in capital structure towards the target leverage will be more effective for firms and periods showing high values in the stock-bond correlation. The final analysis in this paper involves the role of the correlation on the dynamic adjustment of capital structure. The literature on capital structure concurs on the dynamic rebalancing of leverage towards the target but differs about the speed of adjustment, which range from the slow adjustment of Fama and French (2002) to 35 percent annually for Flannery and Rangan (2006) . The speed depends on the firm's access to capital markets, financial constraints, and macroeconomic conditions (e.g. Drobetz and Wanzenried, 2006; Drobetz, Pensa, and Wanzenried, 2007; Cook and Tang, 2010; Faulkender, Flannery, Hankins, and Smith, 2012) . Our contribution relays on the use of the correlation as the variable informing about specific firm characteristics and market conditions. Then, we assume a leverage adjustment model in which the target leverage is defined by standard firm characteristics but the adjustment speed changes with the stock-bond correlation. Estimation of the model indicates that the speed of adjustment is positive and significantly related to the correlation. Therefore, when the market values of equity and debt react in the same direction after news of capital restructuration, the leverage objective can be achieved earlier.
The remainder of the paper is organized as follows. Section 2 theoretically justifies a non-zero correlation between bond and stock returns and point outs potential determinants of its variation. Section 3 describes the data. Section 4 explains the methodologies and the results for the dynamic estimation of the correlations. Section 5 analyses the determinants of stock-bond correlations. Section 6 studies the role of stock-bond correlations in revising deviations of firm leverage from the target capital structure. Section 7 presents our conclusions.
Theoretical bases
Structural (or dynamic) models are used for capital structure decisions and incorporate the idea of risky corporate debt. Starting with Merton's (1974) , these models are based on the fact that the value of the equity and debt of the same firm can be written as functions of firm value. Therefore, these values (and thus their returns) must be correlated. More specifically, let B be the market value of the debt of firm j that promises to pay D on date T and let S be the market value of the same firm's equity. Suppose that both values can be written as a function of the firm's value, V, at time t:
Any change in firm value will affect both the equity and debt value as = ( , ) and = ( , )
where the subscripts in f and F denote partial derivatives.
We can transform the equations in (2) to obtain the return on equity, , and the return on debt, , respectively:
where represents the return on firm value. Combining (3) and (4), we obtain
which says that the equity and bond returns are related by the equity-bond elasticity with respect to changes in firm value, supporting the idea of non-zero correlations. The elasticity is composed of the ratio between equity and debt sensitivities to firm value and of the firm leverage ratio. Additionally, the elasticity is time varying and depends on firm characteristics.
The specific relation between stock and bond returns requires conditions that allow the specification of the functional form of the elasticity in (5). Under the simplest structural model, Merton's (1974) , the assumption that firm value follows a diffusion process with constant instantaneous volatility and standard Brownian motion implies that the sensitivities ratio is
(1− ( , ))
where is the cumulative standard normal distribution at
]/ √ , r is the risk-free rate, σ is the volatility of firm returns, and = − is the time until the maturity of the debt. Since the leverage ratio cannot be negative, this model predicts a positive correlation between bond and equity returns that depends on the variables that determine ( ). Empirically, Campello, Cheng, and Zhang (2008) , Elkamhi and Ericsson (2008) , and Schaefer and Strebulaev (2008) find that Merton's model implies equity-bond elasticity (equity-bond return covariance) increasing with the quasi-leverage ratio, firm volatility, and time to maturity. Equation (5) also indicates that the elasticity is a function of the leverage ratio; leverage acts as a scale factor that produces a stronger relation between stock returns and bond returns for firms with higher leverage ratios. This is a logical prediction, given the assumptions of structural models; the higher the firm leverage, the riskier debt is and the stronger the covariability between debt and equity will be. Therefore, structural models predict a positive correlation, on average, that would increase with firm leverage ratio.
However, we additionally know that, first, both debt and equity values (the numerator and the denominator in the leverage ratio) depend on common factors that affect firm value.
The final effect on the leverage ratio will depend on the relative importance of the numerator and of the denominator. Second, these common factors also affect bond and stock returns and, thus, their correlation. In this sense, there must be a serial relation between leverage and correlation of undetermined sign, a priori. Models that account for conflicts of interest between debtholders and equity holders can provide insights on this point. In particular, structural models with agency costs suggest that the use of debt reduces information asymmetry and would then have a positive effect on firm value; these models therefore predict that leverage can be positively related to firm value.
More specifically, models in the line with that of Raviv (1990) or Stulz (1990) show that the information that debt generates is useful for making the optimal decision about whether to liquidate or continue and thus firm value can be positively related to leverage. The model's aim is to identify the optimal level of debt to maximize firm value, taking into account the cost of default and the fact that an optimal liquidation decision will be made upon default. The firm value is given by
where p indicates prior beliefs about firm quality and PV refers to present value. The first term represents the firm value in case of continuation, which is the present value of future expected incomes, and the second term is the expected gain in firm value given an optimal continuation policy that can be made thanks to the information that debt generates. The model makes the following predictions:
-The debt level, the market value of debt, and firm value increase with increases in liquidation value and decrease with increases in default costs.
-Leverage increases changes in capital structure due to either increases in liquidation value or decreases in default costs, are accompanied by increases in firm value.
Therefore, agency cost models have been used to justify empirically finding a positive relation between leverage and firm value. Since debt and equity values are both positively associated with firm value, a positive relation between the leverage ratio and stock-bond correlation would also be expected.
Summarising, the empirical implications suggested by these theoretical models are as follows: i) The stock-bond correlation will be not zero, will be time varying, and will depend on firm characteristics. ii) The stock-bond correlation will be higher for firms with higher leverage ratios. iii) The stock-bond correlation will be positively associated with leverage such that the correlation could be used to determine the target leverage. Therefore, the key contribution of the paper is the analysis of the role of the correlation in a firm's target leverage adjustment.
Data

Stock-bond correlations
For the estimation of dynamic correlations we employ daily stock and corporate bond returns issued by the firms on the S&P 100. The sample period is from July 2002 to December 2009, which promises substantial time series variation since it includes the last part of an expansion cycle (2002) (2003) (2004) (2005) (2006) and the recent and dramatic economic crisis (2007) (2008) (2009) ).
TRACE database compiles information about all corporate bond transactions. It is a system by which all members must report any OTC corporate transaction in the secondary market following the rules approved by the Security and Exchange Commission in January
2001
. 3 The increase in the quantity and quality of the information provided by the TRACE system has been reflected in the increasing number of research papers studying market transparency and liquidity. 4 We collect all transactions regarding bonds issued by the firms on the S&P 100 and, after applying the filters proposed by Dick-Nielsen (2009) to eliminate erroneous reports, we save the daily close prices. 5 Next, some filters reduce the final number of bonds in our sample. First, we only use bonds with fixed coupon rates, non-callable, nonputable, non-sinking funds, and non-convertible bonds to avoid simultaneity effects on their prices. Second, we eliminate bonds that do not fulfill both the criteria of having at least three years of data available and 10 liquidity observations per month. 6 This results in a final sample of 467 bond issues of 72 firms.
[ Table 1 ] Table 1 provides descriptive statistics comparing our selected bonds to the whole population in TRACE database. The first panel shows the distribution of issuers and issues by industry. In both cases the most representative industry for bond issuers is the industrial group; 76 percent of issuers in our sample and 65 percent in TRACE belong to this group.
Regarding bond issues, as expected, 67 percent of all bonds in TRACE are issued by financial firms. In our sample, bonds belonging to industrial and financial firms represent similar percentages of the whole sample (54 percent and 43 percent, respectively). In any case, the second panel in Table 1 shows that there are no major differences in yield, coupon, maturity, and Treasury Spread, on average, between our selected sample and the whole database, although standard deviations are generally larger in TRACE, given that the variety of issues is higher. Finally, the number of issues per issuer is slightly lower in our sample (six, compared to eight for the whole database), but in both cases the number of issues per firm is higher in the financial sector.
The daily close prices for the stocks of the firms on the S&P 100 are similarly collected from the Center for Research in Security Prices (CRSP). Daily returns obtained from the daily prices of stock and bonds are used to estimate a series of dynamic correlation for each stock-bond return pair. Therefore, 467 correlations are estimated and analysed.
Determinants of correlations
We analyse the cross-sectional and time series variations of the correlations with panel data regression analysis, including macro variables, firm-specific variables, and bond-specific variables as potential determinants. Here we describe the variables. Details on the data sources, computations, and estimation methodologies for constructing these variables and their descriptive statistics are in the Appendix.
In the group of macroeconomic or state variables, we consider different cycle indicators based on both the financial and real sides of the economy. Specifically, we use four variables indicating economic growth: the gross domestic product (GDP) growth rate (ΔGDP), the industrial production index (IPI) growth rate (ΔIPI), the aggregate consumption growth rate (Δc), and a dummy for crisis (NBER). We employ a group of variables related to uncertainty in both the real and financial markets that are expected to anticipate recessions:
the volatility of the aggregate consumption growth rate (σ c ), the volatility of market return (σ SP ), the implied volatility computed from prices of options written on the S&P index (VIX), and a default spread (Default). We also include the term structure of interest rates (Term) as an indicator of future good conditions. The short-term interest rate (TBill) is considered since both the theoretical model and the empirical evidence provided by Campello, Cheng, and Zhang (2008) indicate that increases in the risk-free rate can produce decreases in the correlation between the two assets.
As we argued before, the value of the firm, which is indirectly related to its risk, is a common determinant of firm bond and stock returns. To approximate the firm's equity risk, we consider total risk (σ Tot ), systematic risk (β), and idiosyncratic risk (σ Id ). The group of variables representing the financial component of firm risk includes the leverage ratio (Lev) and the default probability (Default Prob). As measures of firm operational risk we use industry dummy variables (Ind1 and Ind2) and the unlevered beta (β UN ). Since Jensen and Meckling (1976) and Myers (1977) , we know that incentive conflicts between equity and debt holders increase the firm's cost of debt. A partial solution to this problem is to restrict the actions of the firm's equity holders by adding debt covenants. We also use a covenant indicator (Cov) as a proxy of financial risk for each bond.
To control for bond characteristics regarding the interest rate risk, we use the coupon level (coupon) and the time to maturity (time). Finally, given the importance of illiquidity risk in both the stock and bond returns, we consider the measure of illiquidity proposed by Amihud (2002) for both assets in each pair. 
Determinants of target leverage
In the final empirical analysis, we estimate a model for the firm's adjustment towards the target capital structure that involves approximation of the target leverage ratio. For this we employ standard firm characteristics considered in the previous literature. Hovakimian, Opler, and Titman (2001) , Fama and French (2002) , Korajczyk and Levy (2003) , Kayhan and Titman (2007) , and Flannery and Rangan (2006) find that firms with higher earnings, growth opportunities, and intangible assets have lower leverage target ratios, while larger firms have higher ratios. Then, as firm characteristics, we include the logarithm of total assets (Size), earnings before interest and taxes over total assets (ROA), the market-to-book ratio (MTB), computed as the market value of equity plus the book long-term debt over total assets, and intangible assets over total assets (Intang). In addition, we consider the effective tax rate (TAX), 8 as the main advantage of levered firms and the interest coverage ratio (IC), which is the ratio between interest paid and earnings before interest and taxes, as a proxy for financial 7 The main advantage of Amihud's illiquidity ratio is that it can be easily computed using daily data during long periods of time. 8 The marginal tax rates correspond to the non-parametric marginal tax rates developed by Blouin, Core and Guay (2010) .
distress. Finally, we include the average leverage ratio within all firms in the industry (LevInd) to control for other firm characteristics. All variables are computed using quarterly data from COMPUSTAT.
Stock-bond correlation estimation
Studies about which model provides the best estimate for the correlation between aggregate stock and bond returns are abundant, whereas that is not the case for individual corporate stock-bond comovements. Therefore, instead of assuming a determined model for the correlations, we estimate the correlations with purely data-driven methods. The most employed dynamic estimation methods are versions of multivariate generalized autoregressive conditional heteroskedasticity (GARCH) models. The DCC model of Engle (2002) has the property that decomposes the covariance matrix into volatilities and correlations. Then, the estimation can be done in two steps: in the first step, the volatility of each asset is estimated and, in the second step, the estimation of the dynamic correlation is obtained from the dynamic covariance of the standardized returns.
One important problem with individual bond prices of daily frequency is series discontinuities because of the lack of transactions on some days. Consequently, some bond returns are generated during more than one day. This non-synchronicity problem between bond and stock returns can bias the estimation of the correlation between them. We treat this problem in two ways. The first approach consists of homogenizing the bond and the stock price series by eliminating in both of them the days without prices in the bond sample. Then the returns are computed as if the prices were consecutive, but adjusting them by dividing by the number of days between prices:
where R denotes return, p is the asset price and, h represents the number of days without prices. The second approach admits and incorporates the fact that sometimes the information disclosure process takes more than one day. We compute standard bond and stock log returns,
), for all days with prices in the bond sample. We follow and extend the proposal of Engle, Kane, and Noh (1996) , originally developed for the gaps during weekends in GARCH-type models, for the case of any h-day gaps between prices in the estimation of both the individual conditional variances ( 2 ) and the conditional stock-bond correlation ( , ):
where z are standardized returns, divided by their conditional standard deviation. This specification captures how the variances and the correlation can slow down or speed up when gaps due to non-trading days occur, where δ is the speed parameter. If prices are consecutive, h = 1, the model is the standard DCC. When h > 1, the effect of the non-trading problem will depend on the relation between h t and h t-h and on the value of δ. We call correlations estimated using this adjusted DCC-GARCH procedure DCCD correlations.
Daily series of stock-bond correlations are estimated using the DCC and DCCD models by the quasi maximum likelihood method. For brevity, we do not report the estimations of the parameters for the 467 correlations. Instead we discuss the most relevant patterns. The estimated values for the parameter associated with the short-term shocks are concentrated in the whereabouts of zero in both the DCC and DCCD estimations (the median values are 0.012 and 0.014, respectively), but the DCCD model produces higher dispersion.
The persistence parameter indicate that the correlation is relatively persistent (the median values for the DCC and DCCD estimates are 0.679 and 0.5696), although there are cases with β < 0. Finally, regarding the parameter for the power of the number of days without a price in the DCCD specification, its estimated value is lower than one, in absolute value, for 344 out of 467 stock-bond pair returns. This indicates that, generally, the non-trading adjustment will reduce the effect of both the shock and the persistence terms in the forecast of the next period correlation. However, it is also true that δ takes on very high values in some cases. We return to this fact later.
From daily correlations obtained by the DCC and DCCD models, we compute the average correlation within each month for having monthly series, since it is the available frequency of the explanatory variables that we employ in the next analysis. Additionally, we compute monthly sample correlations by using a rolling and overlapped window of three months of daily returns, as do Andersson, Krylova, and Vähämaa (2008) and Demiralp and Hein (2010) .
It must be noted that we are not interested in finding the best method for estimating dynamic correlations between stock and bond returns. We employ three different methods to check the robustness of the conclusions about what variables are related to the cross-sectional and time series behaviours of these correlations. However, it can be interesting some comparison between the three estimates. We compare the three estimates in cross-sectional terms by analysing the distribution of the first, second, and third quartiles of the 467 correlations in Table 2 . After that, differences in the time series dynamics of the three estimates are commented on throughout select representative cases displayed in Figures 1 and 2.
[ Table 2 ]
Looking at the median value of the 467 correlations, we find the three estimation methods to be very similar. Density is concentrated around zero but the dispersion range is wide, as indicated by the minimum, the maximum, and the standard deviation. Moreover, the high values for kurtosis indicate that the distribution of median values has thicker tails than the normal distribution, mainly in the DCCD case. Sample correlations are much more volatile than the two estimated correlations based on GARCH specifications, as shown by the range of dispersion in the mean and median between the quartiles. However, the negative skewness and excess kurtosis of the first quartile in the case of DCCD denote that this method produces more extreme negative values for the correlation. Finally, the last panel in Table 2 reports information about the first autocorrelation of the monthly series. The two DCC methods produce monthly correlations with similar levels of persistence (approximately 0.2) while the sample correlation estimation produces series that are much more persistent because of the overlapping procedure employed in this case.
[ Figure The high value for the power parameter upwardly adjusts the standard DCC during practically all the months, independent of the values of h. However, the dynamics of the two estimated correlations follow the same temporal pattern and the magnitude of the adjustment is moderated.
The determinants of the correlations
Panel estimation
The aim of this Section is to analyse the variation of stock-bond return correlation on both a time series and cross-sectional basis by regression analysis using panel data estimation techniques. To be consistent with the estimation of the dynamic correlations, we admit potential persistence in the dependent variable and run the regression
where is the correlation for the stock-bond return pair i and month t and is the vector of exogenous variables in which we include all the variables indicated in the data Section.
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To deal with the potential fixed effects in the error term, equation (10) is differentiated and estimated by the system generalized method of moments (GMM), initially proposed by Arellano and Bover (1995) and later developed by Blundell and Bond (1998) . The system GMM has the advantage of also exploiting the information contained in the data in levels by including a new set of moment conditions regarding the untransformed data (levels) while retaining the original conditions for the transformed (differenced) equation. In addition, this methodology allows including time-invariant regressors in the model. The bias in the standard errors are controlled by using the correction proposed by Windmeijer (2005) , which produces robust GMM estimators. Regarding the instruments, after some empirical estimations comparing the performance of the models, we decided to employ lags of the dependent variable to instrument the system GMM and to consider all explanatory variables as strictly exogenous. We use the residuals autocorrelation test of Arellano and Bond (1991) for selecting the number of lags in the instrumentation. 12 Despite the persistence in the residuals, a set of valid instruments must also be assumed to be exogenous to conclude the validity of the system GMM. In an attempt to verify this assumption, we analyse both the Sargan (1958) and Hansen (1982) tests. The Hansen test proposes an optimal weighting matrix that can be estimated in a two-step procedure. The problem with this test is that it is weakened by instrument proliferation. In contrast, the Sargan test is not weakened but the weighting matrix that it employs is a consistent estimator of the covariance matrix of the errors only under homoskedasticity. Otherwise, the Sargan test tends to over-reject the null.
The results for the sample, DCC, and DCCD estimates are displayed in Tables 3, 4, and 5, respectively. These tables show results regarding a selection of models that exclude the explanatory variables that are statistically irrelevant for the three sets of correlations 11 We check that an autoregressive process of first order is sufficient for capturing the persistence in DCC and DCCD estimates. For the sample correlations, more lags may be needed, but for the sake of homogeneity in comparisons and to be parsimonious in the number of instruments, we choose to include only one lag of the dependent variable for all cases. 12 To control for the lack of information when too few lags are employed a second alternative is to estimate the model by collapsing the instrument set following Roodman (2009) . Collapsing the instrument set allows all possible lags to be employed but reduces the standard number of moment conditions by linear combinations. This method conveys slightly less information than the standard one while embodying the same expectation in the moment condition set. We repeat the estimation using this collapsed method and conclusions remain equal. Tables are available upon request. analysed. Tables 4 and 5 , while the instruments are lags from five to seven for the sample correlations.
[ Tables 3, 4 and 5]
The results are quite robust for the different methods employed for estimating correlations. Therefore we discuss the results in Tables 3 to 5 Tables 4 and 5 . In the case of the sample correlations, their relation with the consumption volatility is weaker but is also significant in models that 13 They are GDP growth, IPI growth, consumption growth, the volatility of the market index, the illiquidity measures for either the stock or the bond in the pair, the coupon level and the covenant indicator. 14 In that sense, we have found that the information in short-term interest rates or the NBER dummy variable is already included in the term spread and/or default spread, levered and unlevered betas are highly correlated but results for unlevered beta are more stable, and the total risk and the idiosyncratic risk share an important part of common information and the former is not significant when the non-systematic risk is considered in the model. do not include Term or Default spreads. Therefore, it seems that the aggregate consumption risk determines not only stock prices but also bond prices, being a relevant factor for explaining the correlation between the two assets. This result would be in favor of consumption-based models simultaneously pricing stock and corporate bonds, as that of Bhamra, Kuehn, and Strebulaev (2010) . The negative sign indicates that a macroeconomic negative shock, measured by an increase in consumption volatility, conversely affects the bond and stock returns, decreasing the correlation between them.
The other variables representing economic cycles produce less stable results but suggest a similar conclusion. Generally speaking, negative expectations, as indicated by the aggregate default spread, are also significantly related to a decrease in correlations. The relation between correlations and the Term spread is not stable, with both the parameter sign and the significance changing depending on the model. Finally, VIX is a weak explanatory variable that is only significant in some models with a positive sign, in general. We return to this finding later.
Summarizing the results regarding all the variables that convey information about the economic cycles, we find that stocks and bonds issued by the same firm react differently depending on the type of news. News about macroeconomic growth (IPI growth, consumption growth, or GDP growth) does not explain the correlations' variability and only news regarding risk can be associated with correlations. The negative sign of this association indicates that good news from aggregate risk indicators could be interpreted as a signal of an increase in the firm value and thus both the equity and debt values would increase, producing an increment in the correlation between their returns. However, bad news would affect the two assets asymmetrically, probably because of the different sensitivities of stocks and bonds to aggregate risk shocks.
Regarding variables with firm-specific information, again the risk variables are the most related to changes in the correlations. For the three correlation estimate sets and the different system instrumentations, we find that the higher the idiosyncratic risk, the more the stock-bond correlation increases. With the exception of the sample correlations, the same is also true for the leverage ratio. These findings are consistent, on the one hand, with structural models which predict a positive relation between the stock-bond correlation and the firm risk that will be stronger when leverage is higher. On the other hand, our results also agree with previous empirical evidence confirming that the relation between the two assets strengthens as issuer risk increases (Campbell and Taskler, 2003; Campello, Cheng and Zhang, 2008; Schaefer and Strebulaev, 2008) . Finally, it seems that the firm probability of default is not generally related to the correlations.
Other variables that also approximate the firm risks lead to different conclusions.
Systematic operational risk, measured by unlevered beta, is strong and negatively related to correlations estimated with GARCH-type models. This result also holds, although more weakly, in the case of sample correlations. It suggests that, in contrast to the idiosyncratic risk, increases in the systematic risk (especially in its operational component) are incorporated in the stock price but not in the bond price, thereby reducing the correlation.
Finally, we also find that the type of industry appears to be an important determinant of the correlation; the correlation is higher for utility firms than for the other two industries and is significantly reduced for industrial firms. In addition, for some correlation estimates and certain models, the correlation is higher when the bond's time to maturity is longer.
Fama-MacBeth estimation
To ensure the reasonableness of our conclusion from the panel data estimation in the previous section, we run cross-sectional regressions each month and compute estimates and standard errors following Fama and MacBeth (1973) . The results are shown in Table 6 . In this case, the state variables cannot be included in the regression and we consider all possible combinations of the variables with cross-sectional dispersion.
[ Table 6 ] All the conclusions from the panel data estimation can be again extracted from the Fama-MacBeth estimation results. Once again leverage and idiosyncratic risk are positive and significantly related to correlations; the higher the unlevered market betas, the lower the correlations will be; and correlations are higher when the bond time to maturity is longer and for firms in the utility sector. In addition, we now find that the firm default probability is relevant in determining the correlation with a positive sign in some cases. Therefore, we can conclude that increases in specific (non-systematic) firm risk are contemporaneously associated with increases in the correlation between the firm's bond and stock returns.
Interactions
Given the previous results showing inconsistencies in the estimation of the relationship between stock-bond correlations and variables like VIX or default probability, we now investigate if these inconsistencies are related to interactions between aggregate risk (economic cycle indicators) and individual firm risk (firm characteristics measuring risk). We analyse this possibility with the theoretical support of the theoretical model proposed by Bhamra, Kuehn, and Strebulaev (2010) that combines the time series and cross-sectional dimensions of the problem. Under this model, the sources of risk for both stocks and bonds are aggregate consumption and the earnings of the firm. On the one hand, negative changes in the next period's consumption growth or a negative revision in expectations about consumption growth in the future increases the price of risk, which would have negative consequences for both the stock and the bond. On the other hand, firm earnings volatility is responsible of the price of the default claim; while an increase in firm risk would have a negative effect on bond price, its effect on the stock price is a priori ambiguous because it is also affected by the call structure of the equity value. Moreover, these two sources of risk are positively correlated. 15 Within this framework, we would expect interactions between state or aggregate variables and variables related to firm risk.
We split the sample of firms into two subsamples on the base of the firm default probability. Specifically, each month in our sample period we classify a firm as having a high probability of default if its probability of default is higher than the 75th percentile for the cross-sectional distribution of that month. Otherwise, the firm is in the low (normal) default probability subsample. 16 Now, we repeat the panel estimations for each subsample separately.
The estimated results are reported in Tables 7 and 8 for the low and high default probability subsamples, respectively.
[ Tables 7 and 8] The results confirm our suspicion of interaction between aggregate cycle indicators and the firm's specific position of risk. The most important difference between the results in Tables 7 and 8 is the role of state variables in determining the time dynamics of correlations.
When the probability of default is low, the volatility of consumption growth is again clear and negatively related to the correlations and increases in the aggregate default spread are also related to decreases in the correlations. However, for firms with a high probability of default, the volatility of consumption loses its importance. Regarding variables representing cross-sectional dispersion, on the one hand, and consistent with results for the whole sample, we find that the idiosyncratic stock risk and the leverage ratio are both positively related to correlations in both subsamples. Therefore, we can again conclude that increases in variables related to firm-specific risk are associated with increases in the correlation. On the other hand, estimates for the unlevered beta are negative and significant in both subsamples, although they are higher in absolute value and have lower standard errors in the sub-group of firms with a high probability of default. Understanding that the systematic risk is measured as the sensitivity of the stock to changes in an aggregate risk factor, its negative relation with the correlations could be justified in the same way as the effect of the state variables. Other differences between results in Tables 7 and 8 are that the dummy associated with the financial sector (industry 2) is only significant in the high default probability subsample and the bond time to maturity only matters if the firm is in the low default probability subsample.
These results explain the instability in the t-statistics of these two variables for the whole sample.
An interesting result is associated with VIX. We find that it does not contain information about the variability of correlations in the subsample of firms with a low probability of default but it turns out to be very important for firms with a high probability of default, where it explains correlations with a positive sign. Taking into account the fact that our sample period is relatively short and includes the recent crisis, we analyse the serial correlation between VIX and the cross-sectional average of the idiosyncratic stock risk. We find that the correlation between the proxy for the whole stock market's risk and the average of the variables measuring firm idiosyncratic risks is 0.885. Moreover, the firms with the highest probability of default are also those with the highest idiosyncratic risk. Therefore, in this context, it is not surprising that the correlation between stock and bond returns increases when VIX increases.
Finally, it is important to point out that the whole specification of the models improves when they are estimated in the two subsamples separately.
Adjustments to target leverage and the stock-bond correlation
The results in Section 5 point out that the time variation of stock-bond correlations is not significantly related to standard cycle indicators; only the volatility of aggregate consumption growth (and default spread in some cases) is negatively associated with the correlation, but the significance of this relation disappears for firms with a high probability of default. In contrast, both cross-sectional and time series differences between correlations can be explained by firm characteristics indicating firm risk. Especially important is the relation between firm leverage and the stock-bond correlation. On the one hand, as discussed in Section 2, structural models, represented by expression (5), suggest a relation (positive, on average) between stock and bond returns that gets stronger as the firm's leverage increases.
Thus, the cross-sectional association between leverage and correlation can thus be theoretically justified. On the other hand, models assuming agency costs that recognize the reduction in information asymmetry produced by the use of debt predict a positive relation between leverage and firm value. Combining this result with the fundamental assumption of structural models that equity and debt values are positive functions of firm value, a serial positive correlation between the leverage ratio and the stock-bond correlation can also be theoretically supported.
In this section, we rely on the strong relation we find in Section 5 between the leverage ratio and the correlation to test the implications of the trade-off theory, with the novelty proposal of incorporating the information embedded in the stock-bond correlation.
Specifically, we analyse what role the correlation can play in firm adjustments towards target leverage.
Studies on corporate finance suggest that capital structure varies both crosssectionally and in time series. Debt ratios vary with firm characteristics, with larger firms with more tangible assets having higher debt ratios, while more profitable firms with high book-to-market ratios and high research and development expenses use less debt financing (for a recent survey, see Parsons and Titman, 2009 ). This variation in capital structure is compatible with the traditional point of view that firms strive to maintain an optimal capital structure, a target leverage. However, while authors such as Hovakimian, Opler, and Titman (2001) and Flannery and Rangan (2006) suggest time-varying targets, Lemmon, Roberts, and Zender (2008) , for example, divide capital structure into two components: a permanent component of capital structure, the target, which is surprisingly stable, and a transitory component, formed by shocks or events in a firm's life that make its leverage ratio deviate from the target ratio. Such shocks include, for example, market timing opportunities in which some types of financing are cheaper. After the shocks, companies rebalance their leverage to converge to the target. In this sense, the literature is in complete agreement about the mean reversion behaviour of leverage but presents different conclusions about how quickly leverage reverts to its target ratio. Depending on the importance of the target capital structure for a firm, shocks should be quickly corrected and the company should quickly achieve its leverage target.
The significant and strong relation between the variation in firm leverage ratio and that in the stock-bond correlation this study finds suggests that the correlation could be associated with the transitory component of capital structure and, therefore, should play an important role in a dynamic model for firm leverage adjustments. Therefore, we hypothesize that the level of the correlation between the stocks and bonds of the same firm can help understand how firms dynamically adjust their capital structure. The adjustment speed towards the target debt ratio should be greater for firms and periods with positive stock-bond correlations.
Empirical evidence regarding the dynamic adjustment of capital structure documents different speeds of adjustment towards the target debt ratio for different firms. Fama and French (2002) indicate that firms' debt ratios adjust slowly. Flannery and Rangan (2006) report a relatively fast speed of adjustment towards the target debt ratio of 35 percent per year. However, Faulkender, Flannery, Hankins, and Smith (2012) note that the speed of adjustment depends on the firm's access to external financing and ranges from 31 percent for firms with access to external markets to 17 percent for firms with more restrictive access to capital markets. Similarly, Byoun (2008) finds that the speed of adjustment is lower for firms with market debt ratios below their target level and binding financial constraints. Finally, additional papers provide evidence that the adjustment speed is time varying and is significantly related to macroeconomic conditions (Drobetz and Wanzenried, 2006; Drobetz, Pensa, and Wanzenried, 2007; Cook and Tang, 2010) . In this sense, firms would adjust their debt ratios towards target leverage more quickly in good macroeconomic states relative to bad states.
The basic model proposed by Flannery and Rangan (2006) for the leverage ratio of the firm j is
where λ is the speed of adjustment towards the leverage target, which is usually defined as a function of the past values of some K firm characteristics, * = ∑ =1 −ℎ
This basic model assumes that all firms have the same adjustment speed. Using the theoretical framework of the structural models with agency costs discussed in Section 2, our argument is that the adjustment speed changes both across firms and in time and, given the positive relation between leverage and the stock-bond correlation, that the adjustment will be more rapid for firms and periods of positive correlation. That is, we assume
where is the correlation level of the stock-bond pair i for firm j and period t and is uncorrelated to the value of any firm characteristic (including leverage) in period t -h.
Combining equations (11) to (13), we find the full specification of the model to be
where = 0 , = 1 and = (∑ =1 −ℎ − −ℎ ) + . Note that if 1 = 0, the speed of adjustment would be constant and the basic model would be recovered. Table 9 reports the results of fixed effects panel estimation for several models nested in equation (14). 17 The t-statistics are shown in parentheses and the last row indicates whether year dummies are included. We use quarterly data and, therefore, four lags are considered for leverage adjustments (h = 4). Variables used as the determinants of the target leverage are standard firm characteristics employed in the previous literature and are described in Section 3. The quarterly correlation series are the averages for all days in the quarters of the DCC estimates.
17 Equation (14) is estimated in differences to reduce the bias due to highly persistent dependent variables.
The first two models in Table 9 are estimated to identify which firm characteristics are relevant determinants of a firm's optimal leverage. As seen, the time dummies are necessary to obtain the expected signs and also for stronger relations. High values of ROA, BMT, and IC are associated with low leverage the next year and larger firms show larger leverage ratios. Tax rates and the percentage of intangibles in total assets do not seem to be relevant. The inclusion of the lagged leverage in model (3) clearly confirms the firm's desire for optimal leverage ratios. The parameter is clearly different from zero and represents a fast adjustment of about 30 percent per year. 18 In addition, TAX and Intang are now significant and have the expected signs; the higher the tax rate, the higher the benefits of debt financing and firms with a high proportion of intangible assets have higher bankruptcy costs and then lower leverage ratios. In contrast, ROA is not relevant when the lagged leverage is considered. A previous correlation analysis reveals high and positive correlations between BTM, ROA, and TAX, on the one hand, and a negative correlation between BTM and Size, on the other hand. This prevents us from including all the firm variables simultaneously in the following models.
Models (4) to (10) refer to different specifications of equation (14), including our proposal of different adjustment speeds for different stock-bond return correlations. The slope of the product of lagged leverage and the correlation is statistically significant in all models, confirming our conjecture that the correlation can help understand how the adjustment speed changes with time and across firms. This varying pattern can explain, at least partially, the different results of previous papers. We find a negative slope, which implies a positive relation between the correlation and the adjustment speed; that is, the higher the correlation between the two firms' financing sources, the faster the adjustment towards the target. When the correlation is near zero, the firm's capital structure restructuring must make adjustments to the target. However, if, additionally, the market values of equity and debt react in the same direction because of the capital restructuration news, the leverage objective can be achieved earlier. Therefore, given the results about the determinants of the correlation in the previous section, we conclude that the adjustment speed will be higher for firms with high leverage ratios, high idiosyncratic risk, or in the utility industry and when high future market risk is expected. Our evidence is consistent with the findings of Byoun (2008).
Summary and conclusions
The correlation between bond and stock returns at the aggregate market level is a widely investigated topic. However, papers seeking to explain the commonality between the bond and stock returns of assets issued by the same firm are scarce, perhaps because of the lack of a continuous and reliable database for corporate bond transaction prices. We attempt to fill this gap. Moreover, the analysis of the correlation between stock and bond returns at the individual level is especially important for dynamic capital structure decisions given the potential effects of these correlation on the speed of adjustment towards target leverage.
The first part of the paper estimates the correlation series for each stock-bond pair in our sample and identifies the sources of the variability of these correlations over time and across firms and/or bond issues. We employ corporate bond transaction prices from TRACE and use different approaches: a rolling window sample correlation, a DCC model, and a variation of the previous model to incorporate the non-synchronous trading problem. Our results indicate that the correlations between individual bond and stock returns are small, on average, but definitively time varying. The dynamics in the correlations are reasonably well captured by persistence models and non-trading adjustments can have an important effect on the correlation dynamics for relatively illiquid bonds. Regarding the determinants of the correlations, we consider a large set of potential explanatory variables, including economic cycle indicators, different measures of issuer risk, and specific bond contract-related characteristics. We employ both panel data analysis and the Fama-MacBeth cross-sectional estimation methodology and evaluate the explanatory power of the variables in the whole sample of firms as well as in sub-samples split by levels of the firm probability of default. We find that variables approximating macroeconomic growth are not related to the correlations.
Only variables indicating increases in aggregate risk, such as the volatility of consumption growth or the aggregate default premium, are related to decreases in the correlations.
However, this association is weaker for the subsample of firms with a high probability of default. In contrast, measures of firm-specific risk are significantly related to changes in the correlations, with effects that change depending on the type of risk. While the correlation decreases when systematic firm risk increases, it increases with idiosyncratic risk. Especially robust are the relations between the correlation and idiosyncratic stock volatility or the financial leverage ratio. Therefore, as for structural models, we can conclude that there are common factors that pressure both stock and bond prices in the same direction.
The positive and significant relation between the correlation and the leverage ratio 
Appendix: Potential determinants of correlations variability
State variables
ΔGDP: The growth rate of GDP comes from monthly real GDP index provided for macroeconomic advisers.
ΔIPI: The IPI growth rate is computed from the monthly index provided in Table G .17 of the Federal Reserve database, which is constructed from the major industry groups.
Δc: The aggregate consumption growth is computed from seasonally adjusted monthly data on real consumption expenditures on non-durable goods and services in national income and product accounts Table 2 .8.6 from the U.S. Bureau of Economic Analysis.
NBER: A dummy variable that is equal to one during recessions and zero otherwise and is constructed from the recession dates provided by the National Bureau of Economic Research.
σ c : The volatility of aggregate consumption growth is computed using a rolling window of 36 previous months.
σ SP : The volatility of the stock market is computed monthly from the daily stock returns of the S&P 100 and a past rolling window of 60 observations. VIX: As a proxy for the aggregate stock market risk, we use monthly data for the volatility index (VIX) obtained from the Chicago Board of Options Exchange.
Default: The default premium proxy variable is computed as the spread between Moody's yield on BAA corporate bonds and the yield on U.S. Treasury 10-year securities.
Tbill: As a proxy for the risk-free rate, we use the three-month Treasury bill secondary market rate, from the Federal Reserve's database, Table H .15.
Term: The term structure variable is computed as the difference between the market yield on U.S. Treasury securities at a 10-year constant maturity and the three-month Treasury bill rate.
Individual stock uncertainty
σ Tot : Stock total risk is computed as the standard deviation of stock returns.
β and β FF : Systematic risk is measured by the market beta from the market model and the Fama and French (1993) model. Monthly measures of stock risk are computed using daily stock returns and a past rolling window of 60 observations.
Firm financial risk
Lev: The leverage ratio is measured as the ratio between the book debt from Compustat 19 and the market equity from the Center for Reasearch in Security Prices (CRSP). The debt value is reloaded quarterly because of availability reasons, while the equity value is measured monthly as the number of shares outstanding multiplied by the price at the end of the month.
Default Prob: Monthly series for the default probability of each firm have been provided by Moody's.
Firm operational risk
Ind1 and Ind2: To control for commonality in operational risk between issuers, we include two dummy variables for distinguishing the three industries in our sample: industrial, financial, and utility firms. The variable Ind1 equals one if the issuer is an industrial firm, including manufacturing, communications, oil and gas, retail, service/leisure, and transportation; Ind2 includes banking, credit/financing, financial services, and insurance firms. In the third industrial group (without dummy representation) are electric, gas, and telephone service suppliers. β UN and β UN FF : Unlevered betas are computed from the market beta using the ModiglianiMiller (1963) relationship,
where T jt is the tax rate and L jt the financial leverage ratio for firm j at month t. We estimate two unlevered betas using the two measures of market betas, assuming the CAPM or the Fama-French model. To measure financial leverage we use our variable Lev.
We estimate corporate marginal tax rates (MTRs) annually and use these estimations for all months within this year. The dynamic features of the tax code makes it unrealistic to compute the MTR for a given firm and year as the rate between taxes and taxable earnings. The tax code allows firms to carry losses back and forward. This means that if current taxable income is shielded by current interest deductions, an extra dollar of interest leads to a loss today that can be carried back to obtain a refund of taxes paid in the past or that can be carried forward to shield profits in future years. Then, it is important to consider an uncertain scenario with past and future earnings to estimate the MTR for each firm and year.
We estimate the MTR following Graham (2000) and Binsbergen, Graham, and Yang (2010) . For each firm and year, a scenario containing past and future earnings is simulated from the observed current taxable income. Given this simulated scenario, the tax bills for all years in the scenario are computed. Next, the current taxable income is increased by one unit ($10,000 in terms of Compustat units) and the tax bills for all simulated years are recalculated. The present value of the difference between the tax bills in the first simulation and the tax bills in the incremental simulation represents the MTR rate for this firm, year, and specific scenario. The exercise is repeated for a number of different scenarios or paths and the average across the MTRs is the estimation of the expected MTR.
The specific details for the application of the estimation technique are as follows. The simulated taxable incomes paths are generated assuming that they change according to a normal distribution with mean and variance equal to the historic mean and variance of the series. These historical moments are computed for each year t using historical data from 1979 to year y -1. 20 Each simulated scenario contains 23 years: the current year with the observed taxable income, two years back, and 20 years forward. 21 Based on the current statutory federal tax schedule, the deduction for $1 initial interest is 0.35. 22 For computing present values, taxes in the years y + 1 through y + 20 are discounted using the yield of corporate bonds in year y. Specifically, we employ as the discount rates two indexes of corporate bond yield provided by the Federal Reserve for 2002-2009: Moody's yield on seasoned AAA corporate bonds and Moody's yield on seasoned BAA corporate bonds. The first index is used to discount the estimated future differences in tax bills for firms classified as level A for all the years in our sample and the second index is employed for firms with a rating level lower than A in any year of our sample. The difference in tax bills for years y -1 and y -2 are not grossed up because tax refunds are not paid with interest. We consider 50 paths.
For robustness reasons, we use two alternative measures of the corporate tax rates in computing the unleveraged betas: the tax rate directly provided by Compustat, which is computed annually as the rate between total taxes and pre-tax income, and the rate between total taxes and earnings before interest and taxes. We impose a zero tax rate when it is negative.
We then have three measures of tax rates that produce three series for β UN and three series for β UN FF .
Bond agency problem
Cov: We construct a covenant intensity index following Demiroglu and James (2010). It is defined as the sum of the number of covenants for each bond contract, including both covenants that restrict the ability of the issuer to take part in a transaction that may be detrimental to bondholders and covenants designed to directly protect bondholders.
Bond and stock illiquidity
Ami S and Ami B : For each stock and bond, the illiquidity ratio is calculated daily as the ratio of the absolute value of the daily return over the dollar volume, which is closely related to the notion of price impact,
where | | and are the absolute return and the dollar trading volume of the asset during day d. This measure is averaged monthly to obtain an individual illiquidity measure for each asset at month t,
Where is the number of days for which data about asset are available in month t. Daily returns and trading volumes (in millions of dollars) for the stocks in our sample are collected from the CRSP. In the case of bonds, daily returns and volumes are from the TRACE database.
Bond issue characteristics
Time: The time to maturity is computed monthly as the number of days until maturity.
Coupon: This is the bond coupon level and it is constant over time.
Descriptive statistics
This table shows descriptive statistics of the explanatory variables described before. The first panel relates to state variables, which are in aggregate terms and, therefore, the descriptive statistics refer to the time dimension. The second panel refers to variables that also have cross-sectional scope and the statistics are applied to both the time dimension for each individual and cross-sectionally across all individuals. The only exceptions are Coupon and Cov, which are constant in time, and then statistics refer only to the cross-sectional variation. -12.55 -12.57 -12.60 -12.28 -12.33 -12.82 -12.78 -12.66 -12.32 -12 .45 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR(2) Test 13.80 13.78 13.81 13.73 13.81 13.87 13.83 13.86 13.76 13.77 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR(3) .85 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR(4) Test 9.949 9.968 9.992 9.762 9.723 10.04 10.04 9.953 9.794 9.888 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 3.837 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR(1) .02 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR (2) .7 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Hansen Test 194.5 195.2 197.2 193.9 197.3 197.5 200.0 200.8 194.4 195.0 (0.149 The table displays the results of the system GMM two-step estimation of a model with dynamic conditional stock-bond return correlations as dependent variables and the variables indicated in the left column as explanatory variables in a subsample of firms with a high probability of default. The sample was divided using the 75th percentile of the default probability of all firms. The values in parentheses are the p-values associated with Windmeijer (2005) corrected standard errors. The system of moment conditions is collapsed using two or more lags of the dependent variable. The explanatory variables are assumed to be strictly exogenous. The number of instruments is reported at the top of each column, the Arellano-Bond test for residual autocorrelation is reported toward the bottom for orders 1 and 2, and the Hansen and Sargan tests 4.234 (0.000) (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR(1) .249 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Are-Bond AR (2) The table displays the results of the following speed of adjustment regression model = (1 − 0 ) −ℎ − 1 −ℎ + ∑ =1 −ℎ − ∑ =1 −ℎ + , where Lev is the leverage ratio of the firm j, q is the correlation between stock and bonds issued by the firm, and X is a set of variables representing firm characteristics to determine the long run target leverage. These variables include the market-to-book ratio (MTB), the return on earnings (ROA), the effective tax rate (TAX), the logarithm of the total assets (Size), the interest coverage ratio (IC), the percentage of intangible over total assets (Intang) and the average leverage ratio within all firms in the industry (LevInd). All models are estimated with fixed effects and the inclusion of year dummies is indicated in the bottom row. The values in parentheses are the t-statistics.
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